Among the many challenges of integrating renewable energy sources into the existing power grid, is the challenge of integrating renewable energy generators into the power systems economy. Electricity markets currently are run in a way that participating generators must supply contracted amounts. And yet, renewable energy generators such as wind power generators cannot supply contracted amounts with certainty. Thus, alternative market architectures must be considered where there are "aggregator" entities who participate in the electricity market by buying power from the renewable energy generators, and assuming risk of any shortfall from contracted amounts. In this paper, we propose auction mechanisms that can be used by the aggregators for procuring stochastic resources, such as wind power. The nature of stochastic resources is different from classical resources in that such a resource is only available stochastically. The distribution of the generation is private information, and the system objective is to truthfully elicit such information. We introduce a variant of the VCG mechanism for this problem.
I. INTRODUCTION
Renewable energy will increasingly constitute a greater fraction of the energy portfolio. In fact, on April 12, 2011 , the Governor of California signed legislation to require one-third of the state's electricity to come from renewable energy by 2020. President Obama of 80% electricity from clean and renewable energy by 2035 in his 2011 State of the Union address. Apart from the significant investment required, there are many system challenges in integrating renewable energy into the current power grid and electricity markets [13] . These mainly arise due to the variability and unpredictability of such energy sources. For example, wind power can vary from 0 to 100 MW (at a single plant) in a matter of a couple of hours [8] . Solar power is equally unpredictable and highly variable, while tidal power has a cyclic nature, marked by extreme peaks (during extreme events such as storms and hurricanes).
This introduces significant challenges in matching supply with demand, which varies seasonally and by time of day but is typically quite inelastic. For this purpose, demand response solutions are being devised where consumers are exposed to time-varying prices via smart-meters over a smart-grid infrastructure [14] . Demand response could also be done via interruptible power service contracts of varying reliability [19] . Massively scalable energy storage solutions will have to be a part of the solution story if such a vision of a smart grid system is to succeed.
And yet, this is not all. With one-third of energy coming from renewable sources, challenges also arise in how the electric power economy operates. This comprises the electricity markets that operate at various timescales (spot, day-ahead, week-ahead, etc.), the transmission capacity market, the generators, the utility companies and the consumers, and pricing to them.
Recently, a new paradigm for power system operation called Risk-Limited Dispatch (RLD) has been proposed [20] . The motivation is that simply building renewable energy and smartgrid infrastructure will not realize the full potential of the system. Smart operation is required as well. The existing operating paradigm of worst case dispatch will severely underutilize the tighter feedback available between demand and supply via smart grid communication infrastructure for a more effective integration of distributed generation, renewable energy, storage and demand management. The main concern with an overwhelming mix of renewable energy in the total is the risk of not meeting operating constraints such as power balance, voltage limits, etc. [15] The RLD operating paradigm will use real-time information about supply and demand, taking into account the stochastic nature of renewable energy sources, and determine a risk-constrained stochastic optimal dispatch [17] . This requires accurate stochastic models for renewable energy generation by the ISOs (Independent System Operators), which is usually private information of the generators.
This leads us to an important issue: How are renewable energy generators such as of wind power to participate in and integrate with the electric power economy [1] ? How can they participate in, say day-ahead electricity markets given the uncertainty about their generation for the next day [3] , [4] ? What is the right market architecture that leads to efficiency? Though the management of uncertainty seems daunting [6] , if the market is structured the right way, enabling hundreds and thousands of geographically dispersed renewable energy generators to aggregate, then the statistical multiplexing gains can make it much easier as the variance goes down.
In this paper, we focus on the problem of aggregating power generated by renewable energy generators. It is likely that the current (day-ahead) electricity market architecture will not change, but new entities called "aggregators" will be allowed to enter the market, who will buy power from the renewable energy generators and then sell it in the market, assuming any risk arising due to the uncertainty in supplying the contracted amount. We investigate design of incentive mechanisms that aggregators can use in buying power from the renewable energy generators.
These auctions must be designed in such a way that it induces the generators to reveal the true stochastic models/distributions of the power they will generate the next day. This then provides the right information to the aggregators to be able to plan optimally for the risk they assume due to shortfall in meeting their generation commitment in the day-ahead electricity market.
Literature Survey: Auction and market design for electricity markets is a well-studied problem [11] , [18] . However, the problem we introduce in this paper which involves stochastic resources (e.g., the electricity from renewable energy sources to be supplied the next day) is new. Almost all of economic and auction theory deals with classical goods, i.e., non-stochastic goods that can be exchanged with certainty. In contrast, if a renewable energy generator contracts to supply Q MW of power the next day, it may be able to supply that only with some probability p. With probability 1 − p, it may fail to supply the contracted amount. The auction design problem we introduce is for such stochastic goods, which has received only scant attention, if at all.
We now provide a brief overview of some relevant work on auction and market design for electricity markets though all of it deals with classical goods. Green [9] studied a linear supply function market model to investigate methods of increasing competition (which leads to reduction in dead-weight losses) in the power market in England and Wales. Baldick, et al [2] generalized Green's model by using affine functions and introducing capacity limits. Such work primarily focused on computational approaches to finding the supply function equilibrium. Johari, et al [10] proposed market mechanisms based on revealing a class of supply functions parameterized by a single scalar, which is closely related to Kelly's proportional allocation mechanism. These mechanisms are designed for auctions among conventional power generators, with no uncertainty in generation. Dynamic general equilibrium models with supply friction are studied in [7] .
Bitar, et al [5] investigated how an independent renewable energy generator might bid optimally in a single competitive day-ahead electricity market with an ex-post imbalance (shortfall) penalty for scheduled contract deviations. They derived analytical expressions for the optimal contracted capacity and the corresponding expected profit. But the focus is on a decision-making problem: a single renewable generator chooses the contracted capacity to maximize his profit.
In this paper, we formulate an auction design problem for renewable energy markets. The key issue is that the generation of each renewable energy generator is a random variable. Even the player himself has no idea of the realization, but he knows the distribution. In the designed auction, we require each player to report (the parameters of) his distribution as his bid. The auctioneer then picks one or more players as the winners who have the "best" distributions. The main objective of auction design is to elicit the players' true types (i.e., the true distributions) so that the optimal social welfare can be achieved. We call such an auction a stochastic resource auction. This is the first work on stochastic resource auctions to the best of our knowledge.
We propose a two-stage stochastic variant of VCG, as well as a stochastic non-VCG mechanism. We demonstrate the incentive compatibility property of the two auctions designed. Various generalizations are presented. We then consider the setting where there are two classes of players to demonstrate the difficulty of auction design in such scenarios. We also consider an alternative architecture wherein the burden of the any shortfall in generation falls on the generators themselves. We propose a VCG-type mechanism for this setting, and do its equilibrium analysis. We relegate most of the proofs to the appendix to ease readability.
II. STOCHASTIC RESOURCE AUCTION DESIGN: PROBLEM STATEMENT
Consider N renewable energy generators (player i = 1, . . . , N). Player i's generation for a given future time (e.g., the next day in the setting of day-ahead markets) is a random variable denoted by X i , which is normalized so that X i ∈ Ω := [0, 1]. All the X i 's are independent.
Assume there is a type space Θ such that the distribution of X i (for all i) can be parameterized Note that the SSCF is independent of the realization X = (X 1 , . . . , X N ) ∈ Ω N , because our goal is simply to maximize the expectation of some function of the realizations. We next define the auction form for stochastic resources as follows. We will consider direct stochastic resource auctions so that the strategy space S i for each player is the same as the type space Θ. The players report their bidsθ = (θ 1 , . . . ,θ N ) to the auctioneer. The auctioneer then determines the outcome g(θ) = z, indicating the winners. A payment p i (θ) is now made to each player i which only depends on the bids but not on the realization of the generation. Upon realizations, each player makes a payment q i (θ, X) to the auctioneer. Note that a negative p i or q i indicates a reversed payment. The process of a stochastic resource auction is shown in Fig. 1 .
Since the players are strategic, they may misreport their private information. Our goal is to design incentive compatible mechanisms that implement the SSCF in dominant strategies,
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Players Auctioneer Time Time i.e., that yield truthful revelation of the players' types as the dominant strategy equilibrium.
Recall that implementation in dominant strategy equilibrium is desirable because (i) it yields greater predictability of outcome because of equilibrium uniqueness, and (ii) the informational requirements are minimal, i.e., a player does not need to know what strategies others are playing since it has a strategy that "dominates" (has a greater payoff) for every set of strategies played by others.
All undefined concepts are standard, and the reader can consult [16] for their definitions. We omit their definitions and explanations due to space constraints.
III. TWO BASIC MECHANISMS FOR STOCHASTIC RESOURCE AUCTIONS
We first consider the basic scenario where there is a single winner, i.e., there exists an i ′ such that z i ′ = 1 and
Let F i (·) be the cumulative distribution function (CDF) of X i , which is determined by the type θ i . LetF i (·) be the CDF associated with the reported typeθ i .
A basic objective (represented by the SSCF) for a stochastic resource auction is to identify the player who yields the highest expected generation. We propose two designs wherein it is a dominant strategy for each player to reveal his type truthfully. The first is a variant of the well-known Vickrey-Clarke-Grove (VCG) mechanism [16] . The second is not, but is in some sense more natural and likely to be more acceptable to generators.
A. The Stochastic VCG (SVCG) Mechanism
We first introduce a stochastic variant of the VCG mechanism. Given the reported types, the associated distributions (and hence the expected generations) are determined. We choose the player with the highest expected generation as the winner i ′ :
We also define the marginal loser i ′′ as
Then, the winner makes a payment −p i ′ to the auctioneer before the realization of X i ′ :
which is interpreted as the contractual or sign-on amount the generator pays to the auctioneer.
Upon the realization of X i ′ , the auctioneer makes a payment to the winner:
This can be interpreted as the payment for the supply that the generator actually makes to the aggregator (at price 1). Then winner's payoff is
The other players get zero payoffs. We note that the above mechanism can be easily be redefined for a general price µ (by scaling all payments by µ).
Theorem 1. The SVCG mechanism specified by (1)-(4) is incentive compatible.
Due to space constraints, we omit the proof of Theorem 1. The reader can consult the proof of Theorem 3 (i) for the general case.
Remarks. This mechanism is a stochastic variant of the VCG mechanism. The expectation of X i ′ can be viewed as the counterpart of the valuation in the standard VCG mechanism, and
as the counterpart of the payment (externality). Unlike the classical setting, the "valuation" in our model is not intrinsic. In fact, it is also in the form of a payment. This opens the possibility of other kinds of incentive compatible mechanisms.
B. The Stochastic Shortfall Penalty (SSP) Mechanism
We now propose a non-VCG mechanism, which may be more natural to use in practice. The winner i ′ is chosen as in (1), and the marginal loser is defined as in (2) . A payment p i ′ is made in advance to the winner:
The interpretation is that the auctioneer pays for the normalized full capacity (at price µ = 1) before the realization of X i ′ . After realization, if there is a shortfall, the contracted generator has to pay a penalty q i ′ that depends on the shortfall:
where
can be viewed as the penalty price for the shortfall 1 − X i ′ . As before, the winner's payoff is
The other players get zero payoffs.
Theorem 2. The SSP mechanism specified by (1)- (2) and (5)- (6) is incentive compatible.
Due to space constraints, we omit the proof of Theorem 2. The reader can consult the proof of Theorem 3 (ii) which presents a generalization.
Remarks. 1. The above mechanism is inspired by [5] , which adopts a contracted-payment-pluspenalty payoff structure for a renewable energy generator. However, they have considered a decision-making problem in which the decision maker chooses the contracted capacity, while we consider an auction design problem in which generators bid their distributions. Note that λ ≥ 1, which is necessary for the mechanism to be incentive compatible.
2. It is interesting to observe the following "quasi-duality" between the SVCG and the SSP mechanisms:
(i) Before the realization, money flows from the winner to the auctioneer in the SVCG mechanism (which depends on the second highest bid), while it flows from the auctioneer to the winner in the SSP mechanism (which is a constant).
(ii) After the realization, money flows from the auctioneer to the winner in the SVCG mechanism (which depends on the realization), while it flows from the winner to the auctioneer in the SSP mechanism (which depends on both the second highest bid and the realization).
C. Revenue Comparison
It is useful to compare the expected revenue obtained with the two mechanisms. Such a revenue comparison does make sense as the mechanisms are incentive compatible (and revenue is determined based on truthful bidding). We assume that the auctioneer resells the acquired resource X i ′ at price µ = 1. The proof of the following result can be found in the Appendix.
Proposition 1. The auctioneer's expected revenue in the SVCG mechanism is greater than or equal to that in the SSP mechanism.
Thus, the SVCG mechanism is more favorable to an auctioneer who wants to maximize his revenue, while the SSP mechanism is more natural and useful when revenue maximization is less important.
IV. GENERALIZATIONS OF THE BASIC MECHANISMS

A. General Objective Functions
In the basic setting, we have assumed that the social planner's objective is to contract with player i ′ who yields the highest expected generation. Now we generalize the social planner's objective. Assume that the social planner wants to contract with the one who yields the highest
We call h(·) the objective function, and we have
For example, the social planner's demand may be at a certain level D ∈ [0, 1]. That is, he only needs D amount of power and does not care about how much more would be generated. The objective function then is
A subtle point is whether the integral in (7) converges or not. Define H as the set of functions
It is natural to restrict our attention to h ∈ H. We also assume that the type space Θ is "well-behaved" such that any polynomial function belongs to H; in particular, all moments of X exist for all θ ∈ Θ.
Moreover, define
We will show that the generalized SVCG mechanism is applicable to any h ∈ H, while the generalized SSP mechanism is only valid for any h ∈ H p . Although H p is a subset of H, it still represents a large class of objective functions.
Now we propose the mechanisms. Let i ′ denote the winner and i ′′ the marginal loser. As before, the rules of determining the winner are the same in both mechanisms:
Theorem 3. (i) For any h ∈ H, the generalized SVCG mechanism specified by (9) - (10) with
is incentive compatible.
(ii) For any h ∈ H p , the generalized SSP mechanism specified by (9) - (10) with
The proof of the incentive compatibility of both mechanisms is done in an integrated framework, and is available in the Appendix. 
while that in the generalized SSP mechanism is
B. Eliminating the Undesired Equilibria
It is worth pointing out that given an objective function h, reporting anyθ i whose correspond-
is a dominant strategy for player i. That is, to maximize his own payoff, player i does not have to report θ i but justθ i , as long as the above equality holds.
Thus, while the proposed mechanisms are dominant strategy incentive compatible in the sense that reporting the true type θ i is a dominant strategy for each player, this laxity may be considerably undesirable in some scenarios. The auctioneer may not only want to elicit the true measures for a given objective function, but also want to elicit the true types, so that this information can be used for other purposes. Hence, a stronger result would be more desirable,
i.e., in addition to dominant strategy incentive compatibility, each player i is strictly better off
This problem can be fixed if the auctioneer does not fix (and announce) a particular objective function h to be used in the mechanism but picks it arbitrarily from H (or H p ). We thus claim the following, whose proof is in the Appendix, where further discussion is also provided. Remarks. We note that the above mechanism, while incentive compatible, is impractical, as without specifying the function h to be used, the bidders may not be able to determine if their individual rationality constraint is satisfied. Even if so, bidders may be wary of participating in an auction mechanism whose rules are not disclosed a priori. We do note that this need not always be the case in practice as the Google AdExchange market works even though Google does not fully disclose all the rules for determining the matchings and the payments.
C. Extension to Multiple Winners
Now we consider the case of multiple winners. Instances of such extension of VCG mechanisms in the classical setting can be found in [12] .
Suppose the social planner wants to contract with M (< N) players who yield the highest
We rank the players in order of the bids, i.e.,
where (i (1) , . . . , i (N ) ) is a permutation of {1, . . . , N}. Then players i (1) , . . . , i (M ) are the winners and player i (M +1) is the marginal loser.
Theorem 4. (i)
For any h ∈ H, the M-SVCG mechanism specified by (12) with
(ii) For any h ∈ H p , the M-SSP mechanism specified by (12) with
The proof is analogous to the previous ones and are thus omitted. The idea is to take the (M + 1)-th highest bidder, instead of the second highest bidder, as the marginal loser; there is no difference among the M winners with respect to the payment scheme.
D. Extension to Bundled Auctions
The auctions we have considered so far only involve a single stochastic good. In smart-grid networks, an aggregator may want (or be required) to procure a mixture of different kinds of energy resources; aggregators also need to procure the (possibly stochastic) transmission capacity to transport the power. These scenarios can be modeled as the bundled stochastic resource auction, in which the social planner wants a bundle of L different stochastic goods.
To ease exposition, we consider a concrete setting of a L-hop network route, as shown in We consider the case where a single winner is chosen on each link so as to maximize the expectation of a general objective function of the realizations. Let the winner on link l be player (l, i l ). Then the social planner's objective is to determine the set of winners that solves the following problem:
Auctioneer wants a bundle where the objective function h :
A useful special case is
which means that the social planner wants to maximize the expected flow capacity of the entire route.
As before, define H L as the set of functions h such that E [h(X 1 , . . . , X L )] exists for all
L which only contains non-negative, element-wise nondecreasing functions. We will show that the bundled stochastic VCG (BSVCG) mechanism is applicable to any h ∈ H, while the bundled stochastic shortfall penalty (BSSP) mechanism is only valid for any h ∈ H L p . Clearly, the objective function in (14) 
Moreover, we define some functions which would simplify the exposition. Assume players
be the reported expected social welfare. Let
be the reported expected social welfare, given the realization of X i l l . Let
be the reported expected social welfare, given X i l l = 1 (the normalized full capacity). Now we propose the mechanisms for bundled auctions with general objective functions. We determine the winners (1, i
We associate each winner (l, i
as follows:
Therefore, winners on different links may have different sets of marginal losers (which is indeed the way our mechanisms are constructed). Also, fix a winner (l, i ′ l ) with marginal losers 
Theorem 5. (i) For any h ∈ H
L , the BSVCG mechanism specified by (15) - (16) with
(ii) For any h ∈ H L p , the BSSP mechanism specified by (15) - (16) with
The proof is available in the appendix.
Note that the social welfare optimization problem in our model takes the form of (13). If we consider another kind of system objective, say
then the proposed mechanisms are not applicable. However, for this special case, we can simply conduct seperate (decoupled) auctions for each link to achieve the system objective, in contrast with (13) for which we have to conduct a single auction for the entire bundle.
Like the basic scenario, it is also straightforward to make the extension to the case of multiple winners for each good, though the notations would be quite messy. Both the VCG and the non-VCG mechanisms can be derived for this case, which we omit due to space constraints.
V. STOCHASTIC RESOURCE AUCTIONS WITH TWO CLASSES OF PLAYERS
All the models we have considered only involve one kind of players, i.e., the renewable energy generators. In reality, the generators are connected to the aggregator (auctioneer) through the transmission lines, which would incur costs for power transmission. Now we consider that the transmission lines are owned by different entities, who are also strategic players called transmission system operators (TSOs). Thus, the new scenario involves not only the generators with stochastic realizations, but also the TSOs with deterministic cost functions.
Such heterogeneity may indeed impose difficulties on the auction design. We propose a TSO-involved stochastic VCG (TSVCG) mechanism. Unlike the standard VCG mechanism, the TSVCG mechanism can only induce an efficient Nash equilibrium, a weaker equilibrium concept than a dominant strategy equlibrium.
A. Problem Statement
Consider N generators and M TSOs, which we call GEN i (i = 1, . . . , N) and TSO j (j = 1, . . . , M) respectively. There might be multiple TSOs who serve the same generator. Also, each TSO may be accessible to multiple generators (but finally can only serve one of them).
That is, both M ≥ N and M < N are possible. The topology is shown in Fig. 3 . As before, GEN i's generation is a random variable X i , the distribution of which can be parameterized by ), where x is the amount of power to be transmitted. We also assume that the cost functions can be parameterized so that the TSOs can report them exactly.
We will demonstrate that while standard VCG mechanisms might be adapted to the stochastic setting, not all the properties can be retained. To illustrate this point, we consider a simple scenario in which we pick one generator and one TSO (as a pair of winners) with the highest expected net surplus. That is, the social planner wants to contract with GEN i ′ and TSO j ′ such
B. The TSVCG Mechanism
Denote the reported types byθ i for GEN i andĉ j (·) for TSO j. Let GEN i ′ and TSO j ′ be the winners such that
Let s −i ′ be the maximum expected net surplus when GEN i ′ is not present, i.e.,
Let s −j ′ be the maximum expected net surplus when TSO j ′ is not present, i.e.,
Define GEN i ′ 's payoff as
That is, he pays s −i ′ to the auctioneer before his actual generation is realized. Upon realization, he is paid X i ′ −ĉ l ′ (X i ′ ) for the supply after accounting for the cost. Define TSO j ′ 's payoff as
That is, he is paid x dF i ′ (x) − s −j ′ by the auctioneer before the realization of X i ′ . Upon realization, he incurs the intrinsic cost c j ′ (X i ′ ). The other GENs and TSOs get zero payoffs.
Theorem 6. The TSVCG mechanism specified by equations (17)-(19) has a Nash equilibrium in which all the GENs and TSOs report truthfully (θ
The proof can be found in the appendix.
Remarks. It follows immediately from (17) that such an equilibrium is efficient as well. However, reporting truthfully is not a dominant strategy equilibrium, since a TSO's best response would depend on the generators' strategies. Indeed, reporting truthfully is just the best response of a TSO given that the generators report truthfully, but not the dominant strategy of the TSO. This suggests the possible challenges of auction design for stochastic resources with heterogeneous players.
VI. RISK-AWARE GENERATION ASSIGNMENT AUCTIONS FOR STOCHASTIC RESOURCES
In previous sections, we have proposed incentive compatible mechanisms for stochastic resource auctions where the auctioneer bears the risk of not being able to acquire some capacity Z from the generators. The auctioneer may be an aggregator who is committed to supplying Z amount of power in an electricity market. In that case, he will have to meet any shortfall by buying power from the spot market (presumably at high prices).
Now we consider an alternative market architecture, wherein the risk of any shortfall is borne entirely by the generators themselves. That is, the generators must buy power from the spot market and deliver it to the auctioneer if there is any shortfall. This may indeed distort the incentives of the generators who may now become conservative in their bids, thus leading to inefficiency. We call such auctions risk-aware generation assignment auctions since the generators must take the risk of the shortfall into account.
A. Problem Statement
Consider player i who is required to meet a fixed demand y i ∈ [0, 1]. As before, his generation at a future time is a random variable X i ∈ [0, 1] with CDF F i (·) and probability density function (PDF) f i (·). Let λ be a constant denoting the price of the resource in the spot market, which can also be viewed as the "penalty price". Define the cost function of player i as
which is the expected payment made by the generator to the spot market to make up for the shortfall if any, when the assigned generation is y i .
We derive some properties of the cost function. It is easy to check the following:
Thus, c i (y i ) is increasing and convex on [0, 1]. Moreover,
i.e., the marginal cost at zero is zero. We also have
i.e., the marginal cost is at most λ, the spot market price.
Consider a stochastic demand Z with PDF f (·) (of which a fixed demand is a special case).
Likewise, we can define the aggregator's cost function (which is public information) as a function of the aggregate assigned generation y (= i y i ):
which is the expected cost of buying power from the spot market to make up for the shortfall, when the aggregate assigned generation is y.
It is easy to check the following:
Thus, c(y) is decreasing and convex on [0, 1]. Moreover,
These properties are useful in the analysis as we will see.
Our goal is to design a mechanism to make a generation assignment before the realizations of X i 's and Z so that the following social welfare optimization problem is solved at equilibrium:
Define player i's payoff as U i (y i ) := w i −c i (y i ), where w i is the payment received by him. We consider two cases, depending on whether f i 's (and hence c i 's) can be parameterized or not. In the former case, each player can report the complete cost function, and we will propose a simple variant of the standard VCG mechanism. In the latter case, since it is impossible for a player to report the cost function completely, the mechanism must ask each player to communicate an approximation to the function from a finite-dimensional bid space; instead of a dominant strategy implementation (which cannot be achieved here), we seek a efficient Nash implementation in which the Nash equilibrium solves the social welfare optimization (20) .
B. VCG Mechanism for Complete Parametrization
In 
which is the positive externality that player i imposes on the other players by his participation. This is just a simple variant of the standard VCG mechanism, and the incentive compatibility follows immediately.
C. i-VCG Mechanism for Incomplete Parametrization
Now we consider the more interesting case of non-parametric c i (·). In this case, it is impossible for a player to communicate the cost function exactly. Instead, we ask each player i to report 
which is the positive externality that player i imposes on the other players by his participation.
We call this the i-VCG mechanism (with incomplete parametrization). Although dominant strategy implementation is impossible in this case, we show that the i-VCG mechanism is a Nash implementation, i.e., there exists a Nash equilibrium in which the efficient assignment is achieved.
Theorem 7. There exists an efficient Nash equilibrium in the i-VCG mechanism.
The proof can be found in the Appendix.
VII. CONCLUSION
In this paper, we have formulated market design problems for auctioning stochastic resources among renewable energy generators. The mechanisms can be used by an "aggregator" who can then bid in a futures electricity market.
We have considered two alternative market architectures. In the first, the risk due to uncertain generation is assumed by the aggregator, and the generators compete for a contract. The designed mechanisms are incentive compatible, in which the generators would truthfully reveal their probability distributions. This is achieved via a two-part payment, an ex ante payment (before the realization) and an ex post payment (after the realization). Such mechanisms are important and useful for the aggregator since he can now hedge against his risk.
In the second instance, the risk due to uncertain generation is assumed by the generators, and the generators compete for assignment. If there is any shortfall, the generators are responsible for buying from the spot market and fulfilling their contracts. This can possibly skew incentives, and make the generators averse to truthfully reporting their probability distributions, as well as make achievement of social welfare optimization difficult. It turns out that this is not the case. In the parametric case, the VCG mechanism still yields incentive compatibility, while in the non-parametric case, the i-VCG mechanism is a Nash implementation (dominant strategy implementation cannot be achieved in this case).
In the future, we will consider a repeated version of stochastic resource auctions with spot market prices that vary according to a Markov process. We would also consider a double-sided market architecture wherein there are buyers (the utility companies) as well as both types of sellers (conventional as well as renewable energy generators).
It is an open question whether it is even possible to design such a market with desirable equilibrium properties. If this is impossible, then this would provide regulators with a rationale to consider alternative market architectures, as well as allow for participation of newer entities who will act as "aggregators".
The presented work, along with the proposed future work, will potentially provide economic solutions for integrating renewable energy generators into smart grid networks.
APPENDIX PROOF OF PROPOSITION 1
Proof: Since the auctioneer gets the same amount of power in both mechanisms, his revenue from resale is the same. We just need to compare his payment to the winner. Equivalently, we can compare the payment received by the winner, which is exactly the winner's payoff. The winner's expected payoff in the SVCG mechanism is
while the winner's expected payoff in the SSP mechanism is
Since λ ≥ 1, the winner's expected payoff in the SVCG mechanism is smaller than or equal to that in the SSP mechanism. Therefore, the auctioneer's expected revenue in the SVCG mechanism is greater than or equal to that in the SSP mechanism.
PROOF OF THEOREM 3
Proof: We want to show that truth-telling (θ = θ) is a dominant strategy equilibrium. That is, fix a player i with bidθ i = θ i , and we show that he cannot be better off by biddingθ i = θ i for anyθ −i .
Suppose he is the winner by biddingθ i = θ i . Let the marginal loser be i ′′ . In the generalized SVCG mechanism, player i's expected payoff is
while in the generalized SSP mechanism, it is
In both mechanisms, by biddingθ i = θ i , either the outcome remains the same, or he loses the contract and gets a zero payoff. Thus, he has no incentive to deviate.
Suppose he is a loser by biddingθ i = θ i . Let the winner be i ′ . If player i changes his bid so that he outbids player i ′ , his expected payoff in the generalized SVCG mechanism would be
while in the generalized SSP mechanism, it would be
. In both mechanisms, if he does not outbid the winner, he still gets a zero payoff. Thus, he has no incentive to deviate.
This proves the theorem. Note that the condition h(·) ∈ H p in the generalized SSP mechanism ensures that the penalty price λ ≥ 1.
PROOF OF PROPOSITION 2 AND DISCUSSION
Proof: Supposeθ i is a dominant strategy for player i for any h ∈ H (or H p ). Then (11) holds for any h ∈ H (or H p ). In particular, (11) holds for all h(x) = x n where n ∈ N. But this exactly means that all moments of the random variables given byθ i and θ i are the same.
Therefore,θ i = θ i . That is, truth-telling is a unique dominant strategy for each player.
Actually, undesired equilibria arise due to the fact that the concept of a dominant strategy equilibrium of a mechanism is defined in a very "weak" sense. It requires neither that strict inequalities always holds (as in the definition of a strictly dominant strategy) nor that strict inequalities holds somewhere (as in the definition of a weakly dominant strategy).
Furthermore, the revelation principle for dominant strategies is based on such a very weak concept. In fact, analogous versions of the revelation principle (for strictly or weakly dominant strategies) do not exist. This implies that if we want to ensure that truth-telling is the unique dominant strategy, we should not restrict our attention to direct mechanisms. Proposition 2 provides such an alternative approach.
PROOF OF THEOREM 5
Proof: We want to show that truth-telling (θ = θ) is a dominant strategy equilibrium. That is, fix a player (l, i) with bidθ 
PROOF OF THEOREM 6
Proof: The proof proceeds in two steps. First, we prove thatθ i = θ i is a dominant strategy for each generator. Second, we prove thatĉ j (·) = c j (·) is the best reponse of each TSO given thatθ i = θ i for all i.
Fix a GEN i with bidθ i = θ i . Suppose he is a winner, and let the corresponding TSO be TSO j. GEN i's expected payoff is
If he changes his bid, he cannot be better off. Thus, he has no incentive to deviate. Suppose he is a loser. If he changes his bid so that he and TSO j become the winners, his expected payoff would be
since he is a loser when he bidsθ i = θ i . If he does not outbid the winner, he still has a zero payoff. Thus, he has no incentive to deviate.
We have shown that reporting truthfully is a dominant strategy for each GEN i. Given this condition, we now consider the best responses of the TSOs.
Fix a TSO j with bidĉ j (·) = c j (·). Suppose he is a winner, and let the corresponding generator be GEN i. TSO j's expected payoff is
